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Abstract

:

With the burgeoning impact of artificial intelligence on the traditional UAV industry, the pursuit of autonomous UAV flight has emerged as a focal point of contemporary research. Addressing the imperative for advancing critical technologies in autonomous flight, this paper delves into the realm of UAV flight state recognition and trajectory prediction. Presenting an innovative approach focused on improving the precision of unmanned aerial vehicle (UAV) path forecasting via the identification of flight states, this study demonstrates its efficacy through the implementation of two prediction models. Firstly, UAV flight data acquisition was realized in this paper by the use of multi-sensors. Finally, two models for UAV trajectory prediction were designed based on machine learning methods and classical mathematical prediction methods, respectively, and the results before and after flight pattern recognition are compared. The experimental results show that the prediction error of the UAV trajectory prediction method based on multiple flight modes is smaller than the traditional trajectory prediction method in different flight stages.
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1. Introduction


An unmanned aerial vehicle (UAV) is an aerial vehicle that operates without a pilot onboard [1,2]. It can be remotely controlled or programmed to perform various tasks autonomously. The development of UAVs has greatly benefited from advancements in fields such as aviation technology, computer science, electronics, and sensor technology. Initially employed primarily for military purposes, including intelligence gathering, targeting, and aerial attacks [3], UAVs have become increasingly prevalent in civilian applications due to technological advancements and cost reductions [4,5]. Presently, UAVs serve vital roles in aerial photography, cargo transportation, agriculture, scientific research, disaster monitoring and rescue operations, as well as film and television production [6,7].



A safety monitoring system for UAVs oversees the parameters of the aircraft’s movement, enabling monitoring and control of relevant parameters during operation [8,9]. Central to this system is UAV trajectory prediction, a fundamental technology for enhancing UAV safety supervision [10,11,12]. UAV trajectory prediction involves forecasting the future path of a UAV based on its inherent information [13], providing more accurate navigation data for UAV control and navigation.



Flight state recognition of UAVs falls within the domain of pattern recognition, originally utilized in the aerospace industry for monitoring the flight status of airborne electronic devices [14]. Scholars in the field of pattern recognition employ various algorithms such as support vector machines [15], decision trees [16], random forests [17], and artificial neural networks [18] for research purposes.



In trajectory prediction research, Kan-nan and colleagues [19] introduced a low-complexity linear Kalman filter based on the differential state equation, enhancing the trajectory prediction accuracy and response time. Wu et al. [20] proposed a fixed-time extended state observer (FXTESO)-based preset performance fault-tolerant control method for handling the attitude tracking problem of UAVs under actuator failures, and the effectiveness of the proposed control strategy is verified through simulation results. Fan et al. [21] comprehensively evaluated optimization strategies for UAVs in a number of key areas such as infrastructure inspection, security surveillance, and environmental monitoring; analyzed the effectiveness of UAVs in specific tasks; and explored the challenges of operating in complex environments. Liu et al. [22] proposed a simultaneous path planning method based on an improved deep reinforcement learning (DRL) algorithm, combined with radio mapping techniques, to optimize 3D trajectories for cellular-connected UAVs in order to improve the system efficiency and reliability. Benmoussa et al. [23] conducted a parametric study to investigate the effects of control parameters on the performance of a UAV with a hybrid electric propulsion system under different flight conditions, aiming to provide guidance for the design and operation of UAVs. Zhang et al. [24] devised a trajectory prediction model spanning four dimensions by integrating historical flight data with UAV motion equations. They incorporated a genetic algorithm for dynamic weighting. Niu et al. [25] introduced a model predictive control (MPC)-based adjacent motion trajectory prediction algorithm that operates independently of communication requirements. Their method exhibited superior performance in simulation experiments compared to traditional distributed model predictive control (DMPC) algorithms. Meanwhile, Xie and colleagues [26] presented a framework for online UAV trajectory prediction using Gaussian process regression (GPR). Their methodology exhibited outstanding performance when compared to alternative approaches, as validated through simulation experiments and real-world data scenarios.



The above literature is a review of the current state of research by current scholars in the areas of pattern recognition and UAV trajectory prediction. However, the UAV trajectory prediction model based only on a certain kind of fixation has a flaw: it only predicts future trajectories based on the UAV’s trajectories in a past period of time, and it does not take into account the situation where the UAV’s maneuvering strategy has changed in a short period of time. In other words, the traditional UAV trajectory prediction model cannot comprehensively consider the flight posture of the UAV in its current state. Based on the need for research in areas related to autonomous flying UAVs, this paper investigates key areas of autonomous flying UAVs: UAV trajectory prediction.



The main contributions and innovations are listed below:



(1) A multi-sensor system is designed to complete the UAV on-board data acquisition system, which can complete the accurate monitoring of UAV data.



(2) The extraction of UAV flight trajectory features is accomplished by fusion of sensor acquisition data.



(3) Two trajectory prediction models are designed for five different flight states of UAVs.



The next part of this paper is organized as follows. The Section 2 introduces UAV sensor devices and data acquisition and preprocessing, and a multi-sensor-based UAV data acquisition system is designed. The Section 3 presents the UAV trajectory prediction model, and two types of trajectory prediction models are established based on the UAV data acquired by the sensors in the previous part to determine the effect of flight state identification on trajectory prediction. The prediction results of the two trajectory prediction models are given and explained in the Section 4. Finally, Section 5 concludes the paper.




2. Data Acquisition and Preprocessing


2.1. UAV Data Acquisition


The UAV data acquisition system built in this study was built based on the Pixhawk open-source UAV platform. The UAV data acquisition system consists of several sensors, including a position module, an air pressure module and an attitude module. As shown in Figure 1, the UAV monitoring system is constructed according to the block diagram of this system.



The block diagram of the monitoring system composed of multiple sensors is shown in Figure 2.



The monitoring system structure described consists of three main components: the lower unit, the transmission system, and the upper unit.



Lower unit: This unit comprises several modules:



(1) Microcontroller minimum system, which includes a microcontroller sensor (MCU) along with supporting components like a crystal oscillator, reset circuitry, etc.



(2) Power supply module: responsible for providing stable power to the system components.



(3) Power module: involved in managing power distribution and regulation.



(4) GPS positioning module: used for determining the UAV’s location.



(5) Flight altitude measurement module: used to measure the UAV’s altitude during flight.



(6) Attitude detection module: used to detect the UAV’s orientation or attitude.



(7) Main control module: central component responsible for coordinating the operation of the lower unit and possibly interfacing with other modules.



Transmission system: This system utilizes a 3DR wireless digital transmission module for its operation. Its purpose is to establish a wireless communication channel between the upper and lower units, enabling data exchange and control commands.



Upper unit: This unit is implemented using LabVIEW and serves as the monitoring and control interface for the entire system during UAV flight. It typically includes functionalities such as:



(1) Monitoring: observing various parameters and data from the lower unit in real time.



(2) Control: sending commands to the lower unit for controlling the UAV’s operation.



(3) Data recording: capturing and storing data generated during the UAV’s flight for analysis or future reference.



Overall, this monitoring system facilitates the operation of an unmanned aerial vehicle (UAV) by providing essential functionalities such as location tracking, altitude measurement, attitude detection, wireless communication, monitoring, control, and data recording.




2.2. Collection Data Preprocessing


Based on factors such as sensors acquisition errors or data transmission during remote processes, collected UAV trajectory data may contain noise. Therefore, it becomes imperative to conduct data preprocessing after UAV data collection. Data preprocessing primarily involves three components: eliminating abnormal data, rectifying missing data, and filtering the high-frequency noise.



Abnormal data rejection is mainly based on the principle of statistics to remove the abnormal values in the data collected by the UAV. The specific steps include differentiating the collected data and statistically analyzing the data for mean-variance, with the mean value being   E X   and the variance being  σ . Data in the interval     E X − 3 σ , E X − + 3 σ     are considered normal data, and data outside this interval are considered abnormal data for elimination.



Missing data interpolation is the process of estimating the data that are lost and eliminated from the UAV delivery process, and the main method used is Newton interpolation.



High-frequency noise rejection occurs if the Gaussian noise during UAV data acquisition is eliminated, and a low-pass filter is used for filtering.



The finalized step involves outputting the rectified data after the completion of preprocessing.



Data preprocessing is conducted on a segment of the UAV flight trajectory model, and the processing outcomes are illustrated in Figure 3.



As illustrated in Figure 3, it is clear that the error signals generated during the acquisition process experience enhanced filtration post data preprocessing, leading to an improved accuracy.





3. UAV Trajectory Prediction Modelling


Unmanned aerial vehicle (UAV) trajectory prediction involves the UAV forecasting its own trajectory over a future time span using specific algorithms derived from collected airborne data. This predictive capability offers theoretical backing and enhances the UAV control accuracy for various applications such as trajectory planning and autonomous guidance.



This section outlines the establishment of a UAV trajectory prediction system grounded in the five fundamental flight states of UAVs.



3.1. Neural-Network-Based UAV Trajectory Prediction Model


A neural network is a computational model inspired by the structure and functionality of the human brain’s neural networks and is extensively utilized in machine learning and artificial intelligence domains. It comprises interconnected nodes, or neurons, organized into different layers, typically including input, hidden, and output layers.



In this network, information flows from the input layer through successive layers of neurons for processing, culminating in an output. Each neuron possesses weights and biases, influencing its response to input stimuli. The learning mechanism of a neural network commonly employs backpropagation, adjusting these weights and biases based on the disparity between the network’s output and actual labels. This iterative process aims to minimize error and optimize the network’s performance.



Neural networks find application across diverse tasks such as image and speech recognition, natural language processing, and predictive analytics, among others. They stand as a cornerstone in the realm of artificial intelligence, playing a pivotal role in numerous practical implementations and research advancements.



The hidden layer output results    z k    and the output layer    y j    are shown in Formulas (1) and (2).


       z k  =  f 1       ∑  i = 0  n     v  k i    x i              k = 1 , 2 , … q      



(1)






       y j  =  f 2       ∑  k = 0  q     w  j k    x i              j = 1 , 2 , … m      



(2)







In Equations (1) and (2), the    f 1    is the transfer function from the input layer to the hidden layer and the    f 2    from the hidden layer to the output layer;  n  is the number of nodes in the input layer and  q  is the output layer of the hidden layer.  v  and  w  represent the weights of different layers in the two delivery networks, respectively.  x  is the network inputs to the two transfer networks.



The neural network employs the stochastic gradient descent technique to iteratively adjust its parameters and optimize its learning process. The sample is input into the neural network model, and the resultant network output is represented as Equation (3).


        y ^  i  = f    x i  ; θ        



(3)







In Equation (3),    x i    represents the column vector input,  θ  is the neural network’s learning criterion, and the     y ^  i    represents the column vector input in the neural network.



The approach described involves utilizing neural networks to predict the future flight trajectory of a UAV based on its current state and flight trajectory information. The collected UAV operating state data, segmented into different operating states, serve as the training dataset for the neural network.



Once trained, the neural network can predict the future flight trajectory by considering the current operating state and flight trajectory information of the UAV. The UAV’s flight state is categorized into five types, and a corresponding neural network is trained for each flight state to predict the UAV’s trajectory under that specific motion state.



This trajectory prediction model is specifically designed for small UAVs, aiming to enhance their trajectory prediction accuracy and contribute to their overall operational efficiency and effectiveness.



Table 1 illustrates the parameters of the simulation network model along with their initial configurations.



Table 1 presents the foundational parameters established within the neural network. Following the configuration of these parameters, the neural network undertakes flight trajectory prediction utilizing the data relayed by the UAV.




3.2. Multivariate Adams Predictive Correction Trajectory Prediction Model


Throughout the UAV’s flight, various factors affect its velocity in all directions. However, this model primarily focuses on the impact of time, spatial position, and flight states on velocity. Initially, the UAV’s navigation speed is determined, followed by the establishment of a differential equation governing navigation speed concerning the spatial position. Subsequently, the UAV’s spatial position is calculated utilizing the Adams prediction correction formula. Multiple regression equations are then formulated to depict the UAV’s flight speed concerning trajectory position and the independent variable time. The regression equation as shown in Formula (4) is solved for the optimal solution with the error minimization as the mathematical model, which is shown in Formula (4).


  min     v ( t , x ) −  V *  ( t , x )    2 2   



(4)







In the best function approximation in Formula (4), the quadratic function approximation works best to construct the quadratic regression equation of velocity with respect to distance and time in the three directions of x y z, as shown in Formula (5).


         v x  = a  x 2  + b  t 2  + c x t + d x + e t + f        v y  = a  y 2  + b  t 2  + c y t + d y + e t + f        v z  = a  z 2  + b  t 2  + c z t + d z + e t + f        



(5)







The regression errors of the regression equations corresponding to the UAV’s five flight states are shown in Table 2.



Based on the velocity binary function obtained by regression for each directional position, the Adams prediction correction formula is selected for iterative solution. The Adams prediction correction formula is shown in Formula (6).


         y  n + 1   ( 0 )   =  y n  +  h  24   ( 55  f n  − 59  f  n − 1   + 37  f  n − 2   − 9  f  n − 3   )        y  n + 1   =  y n  +  h  24   ( 9 f (  x  n + 1   ,  y  n + 1   ( 0 )   ) + 19  f n  − 5  f  n − 1   +  f  n − 2   )        



(6)







	(1)

	
Prediction algorithm design







The multivariate Adams prediction correction algorithm is shown in Algorithm 1.



	
Algorithm 1 Multivariate Adams prediction correction algorithm




	
Input: training data   D =      x i  ,  y i      i = 1  N   , validation data V




	
1 Determine the UAV’s flight states




	
2 Invoke the multivariate Adams prediction correction formula corresponding to the flight state

3 Determine initial velocity and position

4    repeat




	
5

	
Determine starting speed and position




	
6

	
for i = 1…N do




	
7

8

9

	

	
Select data      t i  ,  x i      from data D

Predictive drone trajectory placement

       y  n + 1   ( 0 )   =  y n  +  h  24   ( 55  f n  − 59  f  n − 1   + 37  f  n − 2   − 9  f  n − 3   )  




	
10

11

12

13

	

	
Correction of predicted trajectory

   y  n + 1   =  y n  +  h  24   ( 9 f (  x  n + 1   ,  y  n + 1   ( 0 )   ) + 19  f n  − 5  f  n − 1   +  f  n − 2   )  

Update confidence interval




	
14

	
end




	
15 until   Iterative update of all positions with speed




	
Output   P =      t i  ,  x i      i = N + 1  M   









	(2)

	
Confidence Curve Establishment




	(a)

	
Confidence curve radius determination













The radius of the confidence interval of the speed regression equation for a single dimension of UAV navigation is calculated as shown in Formula (7).


   r 0  = S   1 +  1 n  +     (  x 0  +  x ¯  )  2      ∑  i = 1  n     (  x i  +  x ¯  )  2         



(7)







In Formula (7),  S  is the total variance,  n  is the number of samples,    x 0    is the specific variable, and    x ¯    is the mean.



The confidence interval radius distance in space is the sum of the spatial distances of the confidence interval radius in each direction, i.e., the spatial confidence interval radius, and is shown in Formula (8).


  r =    r x 2  +  r y 2  +  r z 2     



(8)












	





	(b)

	
Confidence curve direction determination














The confidence curve for any point in space predicted at position    P 1  (  x 1  ,  y 1  ,  z 1  )   should be orthogonal to the directions    P 0  (  x 0  ,  y 0  ,  z 0  )   and    P 1  (  x 1  ,  y 1  ,  z 1  )  . That is, the unit normal vector of the face where this confidence curve is located can be expressed as shown in Formula (9).


        a =    x 1  −  x 0        (  x 1  −  x 0  )  2  +   (  y 1  −  y 0  )  2  +   (  z 1  −  z 0  )  2            b =    y 1  −  y 0        (  x 1  −  x 0  )  2  +   (  y 1  −  y 0  )  2  +   (  z 1  −  z 0  )  2            c =    z 1  −  z 0        (  x 1  −  x 0  )  2  +   (  y 1  −  y 0  )  2  +   (  z 1  −  z 0  )  2             



(9)







As shown in Figure 4,    c 1    is a confidence curve in space,    P 0  (  x 0  ,  y 0  ,  z 0  )   and    P 1  (  x 1  ,  y 1  ,  z 1  )   are two points in space,    c 2    is a curve with known parametric equations on the xoy plane past the origin, and the equation of the curve is shown in Formula (10).


        x = r cos ( t )       y = r sin ( t )       z = 0        



(10)







The normal vectors    n 1    and    n 2    of the curves    c 1    and    c 2    have the relationship shown in Formula (11).


  G  n 1 T  =  n 1 T   



(11)







In Formula (11),  G  is the product of the Givens matrix, which can be expressed as shown in Formula (12).


  G =       cos α    0    sin α      0   1   0      − sin α    0    cos α             cos β     sin β    0      − sin β     cos β    0     0   0   1       



(12)







In Formula (12),  α  and  β  are rotation factors, which can be expressed as shown in Formula (13).


        α = arcsin (  b     a 2  +  b 2      )       β = arcsin (  c     a 2  +  b 2  +  c 2      )        



(13)







By rotating the matrix  G , the normal vector    n 1    can be rotated to    n 2   . The inverse matrix    G  − 1     of this rotation matrix can be used to rotate the parameter equation of    c 2    to the direction of    c 1   . The parameter equation in the direction of    c 1    is shown in Formula (14).


       x     y     z      =  G  − 1         r cos ( t )       r sin ( t )      0       



(14)







The direction of the confidence curve can be found by as shown in Formula (14), but the spatial location of the confidence curve needs to be further determined.








	





	(c)

	
Confidence curve position determination














The confidence curve can be rotated to the position where the center of the circle is at the origin by the rotation transformation shown in Formula (12), and the direction is the same as the direction of    P 1  (  x 1  ,  y 1  ,  z 1  )  . Therefore, it is necessary to shift the curve equation in Formula (12) spatially, and the spatial shift is exactly the coordinates of    P 1  (  x 1  ,  y 1  ,  z 1  )  ; i.e., the spatial shift can be expressed as shown in Formula (15).


       x     y     z      =  G  − 1         r cos ( t )       r sin ( t )      0      +        x 1         y 1         z 1         



(15)







The confidence curve equation for any position in space can be expressed as in Equation (15).



The method for solving the confidence curve is described in Algorithm 2.



	
Algorithm 2 Confidence curve solving algorithm




	
Input: predicted location   P   (  x i  ,  y i  ,  z i  )   i = 1  N   , confidence interval radius




	
1 Determine the starting position of the UAV




	
2   repeat




	
3

	
Determine the predicted location




	
4

	
for i = 1…N do




	
5

6

7

	

	
Calculate the spatial confidence curve radius

Determine the direction-of-travel vector

Determine the Givens matrix




	
8

9

10

	

	
Solve for spatial displacement

Determine the parametric equation of the curve

Plot the confidence curve for point P




	
11

	
end




	
12 until   Calculate the full confidence curve




	
Output    c  i = 1  N   











4. UAV Trajectory Prediction Results and Analysis


4.1. Neural Network Model Prediction Results


In this research, we used the device shown in Figure 1 to measure the flight information of the UAV. Meanwhile, we recorded the information of the UAV flight; the fight process of the UAV is shown in Figure 5.



As depicted in Figure 5, the UAV flight data were collected (time interval is 0.01 s) and preprocessed. The flight states of the UAV were predicted in climbing, leveling, turning, circling and descending flight states using a segment of the UAV navigation data, and the trajectory prediction results are shown in Figure 6.




4.2. Multivariate Adams Predictive Prediction Results


Upon preprocessing the gathered UAV flight data and identifying flight states, predictions are made for climbing, level flight, turning, spiraling, and descending states, respectively. The predicted and corrected flight trajectory prediction models are determined by the multivariate Adams model. The UAV’s confidence curves predicted by the model and after flight state recognition are shown, respectively, in Figure 7.




4.3. Analysis of Prediction Results


The distance between the real and predicted UAV trajectory points is quantified by Formula (16), expressed as follows.


      d =       x −  x ^     2  +     y −  y ^     2  +     z −  z ^     2         



(16)







In Formula (16),  x  represents the real  x -axis distance of the UAV and   x ^   represents the predicted  x -axis distance of the UAV. yz follows the same principles as x.



The mean Euclidean distance between the predicted trajectory and the actual trajectory at each time point is computed as the error distance for trajectory prediction. The error distance  μ  of the predicted trajectory is depicted in Formula (17).


      μ =  1 N     ∑  i = 1  N     d i  =        x i  −   x ^  i     2  +      y i  −   y ^  i     2  +      z i  −   z ^  i     2         



(17)







In Formula (17), N represents the number of the trajectory points in a segment of the prediction.



The predicted UAV trajectory distance errors before and after flight state recognition for the two prediction models are calculated separately, as depicted in Figure 8.



In Figure 8a, the error of the UAV trajectory prediction model based on the machine learning approach is depicted, and Figure 8b depicts the error of the classical mathematical approach for predicting the UAV’s trajectory.



The errors in trajectory prediction for the five flight modes in Figure 8 were statistically analyzed and their maximum, minimum and mean values are shown in Table 3.



A comparison of the figures and table shows that the errors of both prediction models are significantly reduced after identifying the UAV’s flight pattern. The experimental results show that the UAV trajectory prediction model based on flight pattern recognition can better achieve UAV trajectory prediction compared to when directly using the prediction model.





5. Conclusions


This study addresses an improvement to traditional UAV trajectory prediction methods. Traditional UAV trajectory prediction only considers past UAV flight history data, which is insufficient for the current UAV flight state. Based on this, this paper comprehensively considers the current UAV flight pattern and historical flight trajectory to predict the future UAV trajectory. In this paper, two prediction models are devised to forecast UAV trajectories, with and without flight state identification. The results show that the prediction accuracy of the model incorporating flight state identification exceeds that of the model without this identification.



The focus of this paper lies in demonstrating the effectiveness of utilizing UAV flight state identification to enhance trajectory prediction models. Subsequently, five flight state prediction models were developed using a BP neural network and an Adams prediction model to forecast trajectories. The prediction results show that the flight-mode-recognition-based trajectory prediction system proposed in this paper has a much smaller prediction error.



The following conclusions can be drawn from the experiment.



(1) A Pixhawk-based online UAV information collection system was developed and designed.



(2) The prediction accuracy of the UAV prediction model can be improved after performing UAV flight state recognition.



(3) Compared with the traditional neural network prediction model, the neural network prediction model based on the UAV flight state (climbing, level flight, turning, spiraling, and descending) recognition leads to different degrees of reduction in prediction errors in all kinds of flight states.



(4) The prediction accuracy of the multivariate Adams prediction correction model proposed in this paper is higher than that of the neural network model, and the prediction accuracy of this model is more sensitive to whether the flight states are identified or not.



In future research, we aim to explore the application of unsupervised machine learning techniques for UAV trajectory prediction and multi-aircraft collaborative UAV flights. Additionally, we plan to study six-degree-of-freedom-based UAV maneuver decision-making and path planning.
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Figure 1. The UAV monitoring system. 
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Figure 2. The block diagram of monitoring system structure. 
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Figure 3. Comparison of data before and after data preprocessing. 
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Figure 4. Schematic diagram of confidence curve solution. 
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Figure 5. UAV flight information measurement pictures. 
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Figure 6. Neural network model prediction results. 
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Figure 7. Multivariate Adams model prediction results. 
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Figure 8. Comparison of two trajectory prediction methods. (a) Comparison of UAV trajectory prediction errors of machine learning methods before and after flight mode recognition. (b) Comparison of UAV trajectory prediction errors of classical mathematical methods before and after flight mode recognition. 
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Table 1. Neural network simulation parameter table.






Table 1. Neural network simulation parameter table.





	Name of Parameter
	Settings





	Training sample number
	80



	Test sample number
	20



	Learning rate
	0.001



	Number of nodes
	7



	Number of hidden layer nodes
	8



	Number of output nodes
	4



	Normalization function
	Sigmoid



	Activation function
	ReLU










 





Table 2. The five flight states of UAVs and their corresponding error.






Table 2. The five flight states of UAVs and their corresponding error.





	Flight States
	Climbing
	Level Flight
	Circling
	Turning
	Descending





	Errors/m
	0.0417
	0.0594
	0.0789
	0.0441
	0.0470










 





Table 3. Trajectory prediction error comparison table.
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	Name of Method
	Minimum/m
	Maximum/m
	Average/m





	Traditional machine learning method
	0.0845
	0.1630
	0.1100



	Improved machine learning method
	0.0366
	0.0889
	0.06426



	Traditional mathematical method
	0.046
	0.071
	0.057



	Improved mathematical method
	0.0225
	0.045
	0.0298
















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2024 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).








Check ACS Ref Order





Check Foot Note Order





Check CrossRef













media/file13.jpg
z-axis Distance /m_

z-axis Distance /m_

0
5,

yeaxis Disance

s
[
2

yeaxs Distance /.

[UAV Trajectory Curve

0
ais Distnce m

(@) Circling state prediction result display

s Disance .

—UAV Tajectory Curve
—Prediton Curve Based on lght St Recogntion
I Prediction Cuve for Unrecognized Flight Status

(&) Descending state prediction result display






media/file4.png
subordinate device supervisory computer

— e — e — —— —— — — — — — — — — e —— — — — e —— — — —— — — — — — — — —

1
STM32F427 microcontroller | : LabVIEW
| dul | | | > flight altitude
ower module
: : | —>| fight velocity
| —
| GPS positioning module | : - | monitoring _>| flight distance
| WITELess | display —>| propeller rotational speed
4—P transmission [
altitude measurement module module

—>| attitude indication

flight trajectory

flight data
recording _>|

|
|
|
|
—>| battery level indication |
|
|
|
|

I
| I
| I
| |
| attitude detection module | | : —>| real-time position
I
| I
I
| I
|

| power supply module | —>| historical data






media/file12.jpg
ais Distance m.

axis Disance im

0

s Disance m

[ UAV Tajectory Curve
—prediction Curve Based on Flight Sae Recogition
"~ Prediction Curve for Unrecognized Flight Satus

0
i Disance fm

(b) Leveling state prediction result display

10
B

yeais Distance im

e
s Distance m

[~ VAV Trjectory Cunve
—Predicton Curve Based on Flight Stste Recogaiion
I~ Preicton Curv for Unrecognized Flight Status

- By

(€) Turning state prediction result display






media/file3.jpg
subordinate device

STMRF427

ierocontroler

pover modle

GPS posiioning module

attude messuremen module

wircess
module

st detcton module

povwer supply module

supervisory computer

LabVIEW,

monioring
dsplay

da
rcording

gt vajeiory

P i posivion__]

Tstorical o






media/file18.jpg
‘zaxis Distance /m

-axis Distance im.

[ UAV Tajesory Curve

+Prdicion Cure Based on Fligh Sate Recogniton

'~ Praicion Curve for Unrecognized light St
Confidence neral of UAY prdicioncune

o S N\ |7

s Disance fm
yeaxis Disance

(©) Turning state prediction result display

UAV Trectoy Curve

—Prdicion Cure Based on Figh Ste Recogiion

'~ Prdicion Curve for Unrcognized Flight Satus
Confidence nerval o UA prdicioncunve

0

s
0

B g5
s istace

yeais Disance

(@) Circling state prediction result display





media/file22.png
z-axis Distance /m

o)}

I

9

10
15

10' *? P
l 5 20 "‘----.___,?,._,--"' 20

25 o
x-axis Distance /m

y-axis Distance /m

(e) Descending state prediction result display

—UAYV Trajectory Curve

—e—Prediction Curve Based on Flight State Recognition
~— Prediction Curve for Unrecognized Flight Status
----Confidence interval of UAV prediction curve






media/file19.jpg
z-axis Distance /m.

" UAV Trjectory Curve

=Predicion Curve Basd on Fight Siate Recogntion

|~ Prediction Cure forUnrecognived FightSatus.
Confidenc iterval of UAV prediction curve

15
2
B e

s Distance /.
yeaxis Disance m

(¢) Descending state prediction result display






media/file7.jpg
Po(xo,y0.20) J—+
/P|(x\,y1.z\)
X






media/file10.png
(a) UAV flight test (1)

a

(b) UAV flight test (2)





media/file15.png
z-axis Distance /m

z-axis Distance /m

2

— =) oo

2

=}

o+

- =

o 2

10

—UAYV Trajectory Curve

—Prediction Curve Based on Flight State Recognition

— Prediction Curve for Unrecognized Flight Status

y-axis Distance /m

8.8 N
\'a
8.6
g4
8.2 -
& |
1
” _ 10.5
B 12.5 ’ i 11
. 13.5 14 . 11.5
15 o
x-axis Distance /m
(b) Leveling state prediction result display
—UAYV Trajectory Curve
—Prediction Curve Based on Flight State Recognition
— Prediction Curve for Unrecognized Flight Status
9.2 ~
g |
8.8
| 86 T
®4 -
5 19.5
' 10 200 L5 ) _ 20
s . 20.5
15 <25

20_ uxxﬁjzo
x-axis Distance /m

y-axis Distance /m

(c) Turning state prediction result display






media/file14.png
+ N oe)
/ / /

z-axis Distance /m

(\}
/

o O
\

—UAYV Trajectory Curve

—Prediction Curve Based on Flight State Recognition
—Prediction Curve for Unrecognized Flight Status

y-axis Distance /m

8
6 . .
x-axis Distance /m

(a) Climbing state prediction result display






media/file11.jpg
—UAV Trajctory Curve:
—predicion Curve Based o Flght Sae Recognition
"~ Predicion Curv for Untecognized Flight Satas

‘z-axis Distance /m

. B

s Distance m
v Disance

(a) Climbing state prediction result display






media/file6.png
x-axis filtering effect diagram
| | |

£25
S 20 =
g
£ 15 —
A -
=10 —Original Data
"ab | | | —Filtered Data
= 5 |
0 50 100 150 200 250 300 350 400 450 500
Flight Time /Sampling Point
e y-axis filtering effect diagram
~ | ] ]
320 i
=
=
al10r-
2 —Original Data
e . | | | | | | | | —Filtered Data
= ‘
0 50 100 150 200 250 300 350 400 450 500
Flight Time /Sampling Point
-axis filtering effect di
£10 z e‘1x1s 1 ermg‘e ec 1agrz‘1m
S
g
25 —
= —Original Data
e . | —Filtered Data
LT-( T
0 50 100 150 200 250 300 350 400 450 500

Flight Time /Sampling Point





nav.xhtml


  drones-08-00255


  
    		
      drones-08-00255
    


  




  





media/file16.png
—UAYV Trajectory Curve
—Prediction Curve Based on Flight State Recognition
—Prediction Curve for Unrecognized Flight Status

/’/

s

21

20.5

(d) Circling state prediction result display

g -
£
O
26 -
8
B4
E
N9 =
O >\ 5
0 ;\ 10
F\\ 15
15 T~
20 20
x-axis Distance /m
y-axis Distance /m
8 -
&
o 6
=
8
A,
<
N9 ] D =
0 Ny 5
0 10
10 (s 15

20 20

x-axis Distance /m
y-axis Distance /m

—UAYV Trajectory Curve
—Prediction Curve Based on Flight State Recognition
—Prediction Curve for Unrecognized Flight Status

(e) Descending state prediction result display






media/file2.png
GPS positionin%gule

attitude detection
module

STM32F427
microcontroller

power module





media/file20.png
z-axis Distance /m

z-axis Distance /m

o)}

5

9

f =]

x-axis Distance /m
y-axis Distance /m

—UAYV Trajectory Curve

—Prediction Curve Based on Flight State Recognition
~— Prediction Curve for Unrecognized Flight Status
----Confidence interval of UAV prediction curve

---------------

4.8 _
5.8

(a) Climbing state prediction result display

0
. —~ "1

15
x-axis Distance /m
y-axis Distance /m

—UAYV Trajectory Curve

—Prediction Curve Based on Flight State Recognition
~—Prediction Curve for Unrecognized Flight Status
----Confidence interval of UAV prediction curve

13.5 : _ 12

105

10

(b) Leveling state prediction result display






media/file23.jpg
nla}

o

Enw Dt

oos.

LevelFigh

b
1

W rjectoy Pedicion Efo Afe Fight Sse Recogniton]
i Trjectory Pedicion Enor of Classca Mthods

1)

Climbing Fallng Cirding
Fiigh Satus

(@)

Error Distance /m.

Level Flght

il

-w»«w Prediction Ertor Afe Flight St Recogniion |
= Tjocory Priction Eor of Classica Methods |

Tuming

Clinbing Falng
Flight Staus

(b)






media/file5.jpg
x-axis filtering effect diagram

—Orgina Da

— Filred Dui

o0 w0 s a0 2 wo 0 a0 4 s
Flght Time Samplio oint

s fieringefect diagram

—Original Data|
— Fitered Daa
S0 w0 s 20 2 0 0 a0 a0 S0
Flght Time Samplin Point
- ilein et disgam
—Originl Du
— Fitered Dua
o0 w0 e 20 20 w0 30 a0 4 se

Flight Time /Sampling Point





media/file24.png
0.18

Trajectory Prediction Error After Flight State Recognition
Trajectory Prediction Error of Classical Methods

=

Error Distance /m

Level Flight Turning Climbing Falling Circling
Flight Status

(a)

[ [
B Trajectory Prediction Error After Flight State Recognition
[ ITrajectory Prediction Error of Classical Methods

0.08

0.07

0.06

Error Distance /m
o o
o (e}
N (O

o
]
e

0.02

0.01

Level Flight Turning Climbing Falling Circling
Flight Status

(b)





media/file1.jpg
S positioning module

g

attitude detection
module

=N
alttude measurement module * S STM32F427
microcontroller

power supply module

power module





media/file9.jpg
(a) UAV flight test (1)






media/file0.png





media/file8.png
A -

1:(0,0,1)






media/file25.png





media/file17.jpg
axis Disance im

zaxis Distance fm

—UAV Trsjectoy Curve-

—Prciction Curv Based on Fight State Reogriton
'~ Predicion Cure for Unrcognized Flight St

Confidenes inevalof UAV prodiction curve

yeais Disance /m

i Disancefm

(a) Climbing state prediction result display

[~ UAV Trjectory Care

—Prcicion Curve Baved on Flight State Rcogi
"~ Predicion Curve for Urrecognized Flght St
Confdence inteval of UAV prediction cure

yeaxis isance /i

.
X

0 N

‘i

s
xaxis Disance fm

(b) Leveling state prediction result display






media/file21.png
z-axis Distance /m

z-axis Distance /m

— r
— L 1
- - S
——— -
F— -

10

20
25 o
x-axis Distance /m

y-axis Distance /m

—UAYV Trajectory Curve

——Prediction Curve Based on Flight State Recognition
—Prediction Curve for Unrecognized Flight Status
----Confidence interval of UAV prediction curve

(c) Turning state prediction result display

'
2

T

10
S 20 20

x-axis Distance /m
y-axis Distance /m

10—
() |
.
- 18
" T T et _ 19
0205, 51 +
i 21 22 555 22 )
221D 23 235 , .4
—UAYV Trajectory Curve
—Prediction Curve Based on Flight St